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Abstract

Self-supervised learning of graph neural networks (GNN) is in great need because
of the widespread label scarcity issue in real-world graph/network data. Graph
contrastive learning (GCL), by training GNNs to maximize the correspondence
between the representations of the same graph in its different augmented forms,
may yield robust and transferable GNNs even without using labels. However,
GNNs trained by traditional GCL often risk capturing redundant graph features and
thus may be brittle and provide sub-par performance in downstream tasks. Here,
we propose a novel principle, termed adversarial-GEDAGCL), which enables
GNNs to avoid capturing redundant information during the training by optimizing
adversarial graph augmentation strategies used in GCL. We pair AD-GCL with
theoretical explanations and design a practical instantiation based on trainable
edge-dropping graph augmentation. We experimentally validate ADZGgL
comparing with the state-of-the-art GCL methods and achieve performance gains
of up-to 14% in unsupervised, 6% in transfer, and 3% in semi-supervised learning
settings overall with 18 different benchmark datasets for the tasks of molecule
property regression and classi cation, and social network classi cation.

1 Introduction

Graph representation learning (GRL) aims to encode graph-structured data into low-dimensional
vector representations, which has recently shown great potential in many applications in biochemistry,
physics and social sciencef3]. Graph neural networks (GNNSs), inheriting the power of neural
networks [4, 5], have become the almdstfactoencoders for GRL [69]. GNNs have been mostly
studied in cases with supervised end-to-end trainingI6]) where a large number of task-speci ¢
labels are needed. However, in many applications, annotating labels of graph data takes a lot of time
and resources [17, 18], e.g., identifying pharmacological effect of drug molecule graphs requires
living animal experiments [19]. Therefore, recent research efforts are directed towards studying
self-supervised learning for GNNs, where only limited or even no labels are needed [18, 20-31].

Designing proper self-supervised-learning principles for GNNs is crucial, as they drive what informa-
tion of graph-structured data will be captured by GNNs and may heavily impact their performance in
downstream tasks. Many previous works adopt the edge-reconstruction principle to match traditional
network-embedding requirement [335], where the edges of the input graph are expected to be recon-
structed based on the output of GNNSs [20, 21, 36]. Experiments showed that these GNN models learn
to over-emphasize node proximity [23] and may lose subtle but crucial structural information, thus
failing in many tasks including node-role classi cation [16, 35, 37,38] and graph classi cation [17].
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Figure 1:The AD-GCL principle and its instantiation based on learnable edge-dropping augmentation. AD-
GCL contains two components for graph data encoding and graph data augmentation. The GNNféncoder
maximizes the mutual information between the original grépaind the augmented grap{G) while the GNN
augmenter optimizes the augmentatiof) to remove the information from the original graph. The instantiation

of AD-GCL proposed in this work uses edge dropping: An ed@é G is randomly dropped according to
Bernoulli(! ¢), where! ¢ is parameterized by the GNN augmenter.

To avoid the above issue, graph contrastive learning (GCL) has attracted more attention recently [18,
22,23,2531]. GCL leverages the mutual information maximization principle (InfoMax) [39] that
aims to maximize the correspondence between the representations of a graph (or a node) in its
different augmented forms [18, 24, 25;:&]. Perfect correspondence indicates that a representation
precisely identi es its corresponding graph (or node) and thus the encoding procedure does not
decrease the mutual information between them.

However, researchers have found that the InfoMax principle may be risky because it may push
encoders to capture redundant information that is irrelevant to the downstream tasks: Redundant
information suf ces to identify each graph to achieve InfoMax, but encoding it yields brittle represen-
tations and may severely deteriorate the performance of the encoder in the downstream tasks [40].
This observation reminds us of another principle, termed information bottleneck (I1Bj§41As
opposed to InfoMax, IB asks the encoder to capturentirémal suf cientinformation for the down-

stream tasks. Speci cally, IB minimizes the information from the original data while maximizing the
information that is relevant to the downstream tasks. As the redundant information gets removed,
the encoder learnt by IB tends to be more robust and transferable. Recently, IB has been applied to
GNNs [47,48]. But IB needs the knowledge of the downstream tasks that may not be available.

Hence, a natural question emergéghen the knowledge of downstream tasks are unavailable, how

to train GNNs that may remove redundant informatid®rgvious works highlight some solutions by
designing data augmentation strategies for GCL but those strategies are typically task-related and
sub-optimal. They either leverage domain knowledge [25, 288§],node centralities in network
science or molecule motifs in bio-chemistry, or depend on extensive evaluation on the downstream
tasks, where the best strategy is selected based on validation performance [24, 30].

In this paper, we approach this question by proposing a novel principle that pairs GCL with adversarial
training, termed\D-GCL, as shown in Fig.1. We particularly focus on training self-supervised GNNs

for graph-level tasks, though the idea may be generalized for node-level tasks. AD-GCL consists of
two components: The rst component contains a GNN encoder, which adopts InfoMax to maximize
the correspondence/mutual information between the representations of the original graph and its
augmented graphs. The second component contains a GNN-based augmenter, which aims to optimize
the augmentation strategy to decrease redundant information from the original graph as much as
possible. AD-GCL essentially allows the encoder capturing the minimal suf cient information to
distinguish graphs in the dataset. We further provide theoretical explanations of AD-GCL. We show
that with certain regularization on the search space of the augmenter, AD-GCL can yield a lower
bound guarantee of the information related to the downstream tasks, while simultaneously holding an
upper bound guarantee of the redundant information from the original graphs, which matches the
aim of the IB principle. We further give an instantiation of AD-GCL: The GNN augmenter adopts a
task-agnostic augmentation strategy and will learn an input-graph-dependent non-uniform-edge-drop
probability to perform graph augmentation.

Finally, we extensively evaluate AD-GCL on 18 different benchmark datasets for molecule property
classi cation and regression, and social network classi cation tasks in different setting viz. unsuper-



vised learning (Sec. 5.1), transfer learning (Sec. 5.3) and semi-supervised learning (Sec. 5.4) learning.
AD-GCL achieves signi cant performance gains in relative improvement and high mean ranks over
the datasets compared to state-of-the-art baselines. We also study the theoretical aspects of AD-GCL
with apt experiments and analyze the results to offer fresh perspectives (Sec. 5.2): Interestingly, we
observe that AD-GCL outperforms traditional GCL based on non-optimizable augmentation across
almost the entire range of perturbation levels.

2 Notations and Preliminaries

We rstintroduce some preliminary concepts and notations for further exposition. In this work, we
consider attributed grapt@a = (V; E) whereV is a node set anfl is an edge setG may have node
attributesf X, 2 RF j v 2 Vgand edge attributefsX ¢ 2 RF j e 2 E g of dimensionF . We denote

the set of the neighbors of a nodasN,,.

Learning Graph Representations. Given a set of graphG;,i = 1;2;:::;n, in some universé&,

the aim is to learn an encoder: G ! RY, wheref (G;) can be further used in some downstream
task. We also assume that's are all IID sampled from an unknown distributiés de ned overG.

In a downstream task, ea® is associated with a labg} 2 Y . Another modely: R 1Y  will be
learnt to predictY; based omg(f (G;)). We assumé¢G;; Y;)'s are IID sampled from a distribution
Pcvy = PyjcPc, WherePy¢ is the conditional distribution of the graph label in the downstream
task given the graph.

Graph Neural Networks (GNNs). In this work, we focus on using GNNs, message passing GNNs
in particular [49], as the encodér For a graptG = (V; E), every noder 2 V will be paired with a

node representatidm, initialized ash(® = Xy. These representations will be updated by a GNN.
During thek™ iteration, eachl* is updated using% neighbourhood informatipn expressed as,

h{) = UPDATE® h{* Y; AGGREGATEX  (h{* Y;Xw)ju2Ny 1)

whereAGGREGATH ) is a trainable function that maps the set of node representations and edge
attributesX , to an aggregated vectddPDATE( ) is another trainable function that maps buth
current representation and the aggregated vectos topdated representation. Aftkr iterations of

Eq. 1, the graph representation is obtained by pooling the nal set of node representations as,

f(G):, heg = POOLfh{)jv2 Vg 2)
For design choices regarding aggregation, update and pooling functions we refer the reader to [3,7, 8].
The Mutual Information Maximization Principle.  GCL is built upon the InfoMax principle [39],
which prescribes to learn an encodiethat maximizes the mutual information or the correspondence
between the graph and its representation. The rationale behind GCL is that a graph representation

f (G) should capture the features of the grdplso that representation can distinguish this graph
from other graphs. Speci cally, the objective of GCL follows

InfoMax: mfaxI(G;f(G)); whereG Pg: 3)

wherel (X 1; X,) denotes the mutual information between two random variableandX , [50].

Note that the encodédr( ) given by GNNSs is not injective in the graph spagelue to its limited
expressive power [14, 15]. Speci cally, for the graphs that cannot be distinguished\Hytest [51],

GNNs will associate them with the same representations. We leave more discussion on 1-WL test in
Appendix C. In contrast to using CNNs as encoders, one can never expect GNNs to identify all the
graphs inG based their representations, which introduces a unique challenge for GCL.

3 Adversarial Graph Contrastive Learning

In this section, we introduce our adversarial graph contrastive learning (AD-GCL) framework and
one of its instantiations based on edge perturbation.

3.1 Theoretical Motivation and Formulation of AD-GCL

The InfoMax principle in Eq. 3 could be problematic in practice for general representation learning.
Tschannen et al. have shown that for image classi cation, representations capturing the information



that is entirely irrelevant to the image labels are also able to maximize the mutual information but
such representations are de nitely not useful for image classi cation [40]. A similar issue can
also be observed in graph representation learning, as illustrated by Fig.2: We consider a binary
graph classi cation problem with graphs in the dataset ogbg-molbace [52]. Two GNN encoders
with exactly the same architecture are trained to keep mutual information maximization between
graph representations and the input graphs, but one of the GNN encoders in the same time is further
supervised by random graph labels. Although the GNN encoder supervised by random labels still
keeps one-to-one correspondance between every input graph and its representation (i.e., mutual
information maximization), we may observe signi cant performance degeneration of this GNN
encoder when evaluating it over the downstream ground-truth labels. More detailed experiment setup
is left in Appendix G.1.

This observation inspires us to rethink what a good graph

representation is. Recently, the information bottleneck hags
applied to learn graph representations [47, 48]. Speci cally,
the objective of graph information bottleneck (GIB) follows &
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bust to adverserial attack and strongly transferrable [47,48].

Unfortunately, GIB requires the knowledge of the class lal¥efeom the downstream task and thus
does not apply to self-supervised training of GNNs where there are few or no labels. Then, the
guestion is how to learn robust and transferable GNNs in a self-supervised way.

To address this, we will develop a GCL approach that uses adversarial learning to avoid capturing
redundant information during the representation learning. In general, GCL methods use graph data
augmentation (GDA) processes to perturb the original observed graphs and decrease the amount
of information they encode. Then, the methods apply InfoMax over perturbed graph pairs (using
different GDAS) to train an encodérto capture the remaining information.

De nition 1 (Graph Data Augmentation (GDA)Yor a graphG 2 G, T(G) denotes a graph data
augmentation o6, which is a distribution de ned ove® conditioned orz. We usé(G) 2 G to
denote a sample af(G).

Speci cally, given two ways of GDAT; andT,, the objective of GCL becomes
GDA-GCL: maxl (f (t2(G)); f (t2(G))); whereG  Pg;ti(G)  Ti(G);i 2f1,2g:  (5)
In practice, GDA processes are often pre-designed based on either domain knowledge or extensive

evaluation, and improper choice of GDA may severely impact the downstream performance [17, 24].
We will review a few GDAs adopted in existing works in Sec.4.

In contrast to previous prede ned GDAs, our idea, inspired by GIB, igéonthe GDA process
(over a parameterized family), so that the encddean capture theninimal information that is
suf cient to identify each graph.
AD-GCL: We optimize the following objective, over a GDA family (de ned below).

AD-GCL:  min max| (f (G): f (t(G))); whereG Pg;t(G) T(G); (6)

De nition 2 (Graph Data Augmentation Family).et T denote a family of different GDAS (),
where is the parameter in some universeTA() 2 T is a speci ¢ GDA with parameter .

The min-max principle in AD-GCL aims to train the encoder such that even with a very aggressive
GDA (i.e., wheret(G) is very different fromG), the mutual information / the correspondence



between the perturbed graph and the original graph can be maximized. Compared with the two GDAs
adopted in GDA-GCL (Eq.5), AD-GCL views the original graBhas the anchor while pushing its
perturbationl (G) as far from the anchor as it can. The automatic searchb&fm saves a great

deal of effort evaluating different combinations of GDA as adopted in [24].

Relating AD-GCL to the downstream task. Next, we will theoretically characterize the property

of the encoder trained via AD-GCL. The analysis here not only further illustrates the rationale of
AD-GCL but helps design practic&@l when some knowledge of is accessible. But note that our
analysis does not make any assumption on the availabili¥. of

Note that GNNs learning graph representations is very different from CNNs learning image representa-
tions because GNNSs are never injective mappings between the graph utard¢he representation
spaceRY, because the expressive power of GNNSs is limited by the 1-WL test [14,15,51]. So, we
need to de ne a quotient space @based on the equivalence given by the 1-WL test.

De nition 3 (Graph Quotient SpaceDe ne the equivalence between two graph&; = G, if

G1; G, cannot be distinguished by the 1-WL test. De ne the quotient spaseG==.

So every element in the quotient space, G.2 GY, is a representative graph from a family of graphs
that cannot be distinguished by the 1-WL test. Note that our de nition also allows attributed graphs.

De nition 4 (Probability Measures i6%). De ne Pgo over the spacé’ such thatPgo(GY =
Ps(G = G9 for anyG®2 G°. Further de nePgoy (G%Y9 = Pgy (G= G%Y = Y9. Givena
GDAT () de ned overG, de ne a distribution orG’, T(G% = Eg p,[T(G)jG = G for G°2 G°.

Now, we provide our theoretical results and give their implication. The proof is in the Appendix B.

Theorem 1. Suppose the encodgris implemented by a GNN as powerful as the 1-WL test. Suppose
Gis a countable space and th@ is a countable space. Then, the optimal solutfbn; T ) to
AD-GCL satis es, lettingr® (G% = Eg p,[T (G)jG = GY,

LI(f (t (G);GjY) mintor | (t4GY; GY)  1(t° (G9;Y), where tYGY TYGY,
t°(GY TO°(GY,(G;Y) Pgy and(G%Y) Pgoy .

2.1(F (G);Y) 1(f (t°%(GY);Y)= I(t°(GY;Y), wheret® (GY TO°(GY,(G;Y) Pgy
and(GO,Y) Pcoy .

The statement 1 in Theorem 1 guarantees a upper bound of the information that is captured by the
representations but irrelevant to the downstream task, which matches our aim. This bound has a form
very relevant to the GIB principle (Eq.4 where 1), sincemintor | (t14G9: G9 1 (t° (G9;Y)

mins [I (f (G); G) | (f (G); Y)], wheref is a GNN encoder as powerful as the 1-WL test. But note
that this inequality also implies that the encoder given by AD-GCL may be worse than the optimal
encoder given by GIB (=1). This makes sense as GIB has the access to the downstreayh.task

The statement 2 in Theorem 1 guarantees a lower bound of the mutual information between the
learnt representations and the labels of the downstream task. As long as the GDATanaity

a good control) (t° (G%;Y)  mintor | (t%AG9Y; Y) andl (f (G);Y) thus cannot be too small.

This implies that it is better to regularize when learning oVerIn our instantiation, based on
edge-dropping augmentation (Sec. 3.2), we regularize the ratio of dropped edges per graph.

3.2 Instantiation of AD-GCL via Learnable Edge Perturbation

We now introduce a practical instantiation of the AD-GCL principle (Eq. 6) based on learnable
edge-dropping augmentations as illustrated in Fig. 1. (See Appendix D for a summary of AD-GCL
in its algorithmic form.) The objective of AD-GCL has two folds: (1) Optimize the encdder

to maximize the mutual information between the representations of the original Grapl its
augmented grapt(G); (2) Optimize the GDAT (G) wheret(G) is sampled to minimize such a
mutual information. We always set the encoder as a @NNvith learnable parameters and next

we focus on the GDAT (G) that has learnable parameters

Learnable Edge Dropping GDA modelT (). Edge dropping is the operation of deleting some
edges in a graph. As a proof of concept, we adopt edge dropping to formulate the GDA family
T. Other types of GDAs such as node dropping, edge adding and feature masking can also be
paired with our AD-GCL principle. Interestingly, in our experiments, edge-dropping augmentation
optimized by AD-GCL has already achieved much better performance than any pre-de ned random



GDAs even carefully selected via extensive evaluation [24] (See Sec.5). Another reason that supports
edge dropping is due to our Theorem 1 statement 2, which shows that good GDAs should keep
some information related to the downstream tasks. Many GRL downstream tasks such as molecule
classi cation only depends on the structural ngerprints that can be represented as subgraphs of
the original graph [53]. Dropping a few edges may not change those subgraph structures and thus
keeps the information suf cient to the downstream classi cation. But note that this reasoning does
not mean that we leverage domain knowledge to design GDA, as the fanmlgtill broad and the

speci ¢ GDA still needs to be optimized. Moreover, experiments show that our instantiation also
works extremely well on social network classi cation and molecule property regression, where the
evidence of subgraph ngerprints may not exist any more.

Parameterizing T (). ForeachG = (V;E), we setT (G), T 2 T as arandom graph model
[54,55] conditioning orG. Each samplé(G) T (G) is a graph that shares the same node set
with G while the edge set d{G) is only a subset oE. Each edge 2 E will be associated with a
random variablgp,  Bernoulli(! ¢), whereeis int(G) if p. = 1 and is dropped otherwise.

We parameterize the Bernoulli weights by leveraging another GNNLe., theaugmenterto run on
G according to Eg.1 oK layers, get the nal-layer node representatitf)héK )jv 2 Vgand set

e = MLP([h{K);h{€)]);  wheree = (u;z)andfh{®) jv2 Vg= GNN-augmentdiG) (7)

To trainT(G) in an end-to-end fashion, we relax the discqgf¢o be a continuous variable [6; 1]

and utilize the Gumbel-Max reparametrization trick [56,57]. Speci cally= Sigmoid(log

log(1 )+ !¢)=), where Uniform(0,1) As temperature hyper-parametet 0, pe gets

closer to being binary. Moreover, the gradie%% are smooth and well de ned. This style of edge
dropping based on a random graph model has also been used for parameterized explanations of
GNNs [58].

Regularizing T (). As shown in Theorem 1, a reasonable GDA should keep a certain amount
of information related to the downstream tasks (statement 2). Hence, we expect the GDAs in the
edge dropping familyl not to perform very aggressive perturbation. Therefore, we regularize the
ratio of edges being droppedgper graph by enforcing the following constraint: For a@rapti its
augmented grapi(G), we add , . ! e5E]j to the objective, wherk, is de ned in Eq.7 indicates

the probability that gets dropped.

Putting everything together, the nal objective is as follows.

X
minmax| (f (G);f (t(G)))+ reEc ! «5Ej ; whereG Pg;t(G) T (G): (8)
e2E

Note corresponds to the learnable parameters of the augmenter GNN and MLP used to derive the
I e'sand corresponds to the learnable parameters of the GNN

Estimating the objective in Eq.8. In our implementation, the second (regularization) term is
easy to estimate empirically. For the rst (mutual information) term, we adopt InfoNCE as the
estimator [5961], which is known to be a lower bound of the mutual information and is frequently
used for contrastive learning [40, 59, 62]. Spec cally, during the training, given a minibatch of
graphsf Gigl, , letz.1 = g(f (Gj)) andz., = g(f (t(Gi))) whereg( ) is the projection head
implemented by a 2-layer MLP as suggested in [62]. With( ; ) denoting cosine similarity, we
estimate the mutual information for the mini-batch as follows.

1t ©f @)1 = " log Py P E 15 2) ©

i 1021 i 0 | exp(sim (zi; 1; Zo.2))
4 Related Work

GNNs for GRL is a broad eld and gets a high-level review in the Sec. 1. Here, we focus on the
topics that are most relevant to graph contrastive learning (GCL).

Contrastive learning (CL) [39, 59, 60,6@5] was initially proposed to train CNNs for image represen-
tation learning and has recently achieved great success [62,66]. GCL applies the idea of CL on GNNSs.
In contrast to the case of CNNs, GCL trained using GNNs posts us new fundamental challenges. An
image often has multiple natural views, say by imposing different color Iters and so on. Hence,



different views of an image give natural contrastive pairs for CL to train CNNs. However, graphs are
more abstract and the irregularity of graph structures typically provides crucial information. Thus,
designing contrastive pairs for GCL must play with irregular graph structures and thus becomes
more challenging. Some works use different parts of a graph to build contrastive pairs, including
nodesv.s.whole graphs [18,67], nodess.nodes [68], nodeg.s. subgraphs [17,69]. Other works

adopt graph data augmentations (GDA) such as edge perturbation [31] to generate contrastive pairs.
Recently. GraphCL [24] gives an extensive study on different combinations of GDAs including
node dropping, edge perturbation, subgraph sampling and feature masking. Extensive evaluation
is required to determine good combinations. MVGRL [25] and GCA [30] leverage the domain
knowledge of network science and adopt network centrality to perform GDAs. Note that none of
the above methods consider optimizing augmentations. In contrast, our principle AD-GCL provides
theoretical guiding principles to optimize augmentations. Very recently, JOAO [70] adopts a bi-level
optimization framework sharing some high-level ideas with our adversarial training strategy but
has several differences: 1) the GDA search space in JOAOQ is set as different types of augmentation
with uniform perturbation, such as uniform edge/node dropping while we allow augmentation with
non-uniform perturbation. 2) JOAO relaxes the GDA combinatorial search problem into continuous
space via Jensen's inequality and adopts projected gradient descent to optimize. Ours, instead, adopts
Bayesian modeling plus reparameterization tricks to optimize. The performance comparison between
AD-GCL and JOAO for the tasks investigated in Sec. 5 is given in Appendix H.

Tian et al. [71] has recently proposed the InfoMin principle that shares some ideas with AD-GCL
but there are several fundamental differences. Theoretically, InfoMin needs the downstream tasks
to supervise the augmentation. Rephrased in our notation, the optimal augmeigtic®)

given by InfoMin (called the sweet spot in [71]) needs to satlftym (G);Y) = 1(G;Y) and

I (tim (G); GjY)=0,tim (G) Tim (G), neither of which are possible without the downstream-

task knowledge. Instead, our Theorem 1 provides more reasonable arguments and creatively suggests
using regularization to control the tradeoff. Empirically, InfoMin is applied to CNNs while AD-GCL

is applied to GNNs. AD-GCL needs to handle the above challenges due to irregular graph structures
and the limited expressive power of GNNs [14, 15], which InfoMin does not consider.

5 Experiments and Analysis

This section is devoted to the empirical evaluation of the proposed instantiation of our AD-GCL
principle. Our initial focus is on unsupervised learning which is followed by analysis of the effects of
regularization. We further apply AD-GCL to transfer and semi-supervised learning. Summary of
datasets and training details for speci ¢ experiments are provided in Appendix E and G respectively.

5.1 Unsupervised Learning

In this setting, an encoder (speci cally GIN [72]) is trained with different self-supervised methods

to learn graph representations, which are then evaluated by feeding these representations to make
prediction for the downstream tasks. We use datasets from Open Graph Benchmark (OGB) [52],
TU Dataset [73] and ZINC [74] for graph-level property classi cation and regression. More details
regarding the experimental setting are provided in the Appendix G.

We consider two types of AD-GCL, where one is with a xed regularization weighg = 5

(Eq.8), termed AD-GCL-FIX, and another is withey tuned over the validation set among
f0:1;0:3; 0:5; 1:0; 2:0; 5:0; 10:0g, termed AD-GCL-OPT. AD-GCL-FIX assumes any information
from the downstream task as unavailable while AD-GCL-OPT assumes the augmentation search
space has some weak information from the downstream task. A full range of analysis og.fhow
impacts AD-GCL will be investigated in Sec. 5.2. We compare AD-GCL with three unsupervised/self-
supervised learning baselines for graph-level tasks, which include randomly initialized untrained GIN
(RU-GIN) [72], InfoGraph [18] and GraphCL [24]. Previous works [18, 24] show that they generally
outperform graph kernels [75—-77] and network embedding methods [33,34, 78, 79].

We also adopt GCL with GDA based on non-adversarial edge dropping (NAD-GCL) for ablation
study. NAD-GCL drops the edges of a graph uniformly at random. We consider NAD-GCL-FIX
and NAD-GCL-OPT with different edge drop ratios. NAD-GCL-GCL adopts the edge drop ratio
of AD-GCL-FIX at the saddle point of the optimization (Eq.8) while NAD-GCL-OPT optimally
tunes the edge drop ratio over the validation datasets to match AD-GCL-OPT. We also adopt fully
supervised GIN (F-GIN) to provide an anchor of the performance. We stress that all methods adopt
GIN [72] as the encoder. Except F-GIN, all methods adopt a downstiieear classi er or regressor



Dataset NCI1 PROTEINS MUTAG DD COLLAB RDT-B RDT-M5K IMDB-B IMDB-M

F-GIN 78.27 135 7239 276 90.41 461 7487 356| 7482 092 86.79 204 5328 3.17 71.83 1.93 4846 231
§ RU-GIN [72] 6298 0.10 69.03 0.33 87.61 0.39 7422 0.30| 63.08 0.10 5897 0.13 2752 0.61 51.86 0.33 32.81 0.57
@ InfoGraph [18] 68.13 0.59 7257 0.65 87.71 1.77 7523 0.39| 70.35 064 78.79 214 5111 055 71.11 0.88 4866 0.67
3 GraphCL [24] 68.54 055 7286 1.01 88.29 1.31 7470 0.70| 71.26 055 82.63 0.99 53.05 040 70.80 0.77 48.49 0.63
0  NAD-GCL-FIX 69.23 0.60 7281 0.71 8858 158 7455 0.55| 71.56 058 83.41 0.66 5272 0.71 7094 0.77 48.33 0.47
E NAD-GCL-OPT 69.30 0.32 73.18 0.71 89.05 1.06 74.55 0.55| 72.04 0.67 83.74 0.76 5343 0.26 71.94 0.59 49.01 0.93
£ AD-GCL-FIX  69.67 051 7359 0.65 89.25 1.45 74.49 052|73.32 0.6 8552 0.79 5300 0.82 7157 1.0l 49.04 0.53
O AD-GCL-OPT 69.67 0.5’ 7381 046 89.70 1.03 7510 0.39| 7332 067 8552 079 5493 04F 7233 056 49.89 0.66

Task Regression (Downstream Classi er - Linear Regression + L2) Classi cation (Downstream Classi er - Logistic Regression + L2)

Dataset molesol mollipo molfreesolv|  ZINC-10K molbace molbbbp molclintox moltox21 molsider

Metric RMSE (shared)4) MAE (#) ROC-AUC % (shared)"()

F-GIN 1.173 0.057 0.757 0.018 2.755 0.349 | 0.254 0.005 | 72.97 4.00 68.17 1.48 88.14 251 7491 051 57.60 1.40
§ RU-GIN [72] 1.706 0.180 1.075 0.022 7.526 2.119 | 0.809 0.022 | 75.07 2.23 64.48 246 7229 4.15 7153 0.74 62.29 112
2 InfoGraph [18] 1.344 0.178 1.005 0.023 10.005 4.819| 0.890 0.017 | 74.74 3.64 66.33 2.79 64.50 532 69.74 0.57 60.54 0.90
5 GraphCL [24] 1.272 0.089 0.910 0.016 7.679 2.748 | 0.627 0.013 | 74.32 2.70 68.22 1.89 74.92 4.42 7240 101 61.76 1.11
0 NAD-GCL-FIX 1.392 0.065 0.952 0.024 5.840 0.877 | 0.609 0.010 | 73.60 2.73 66.12 1.80 73.32 3.66 71.65 0.94 60.41 1.48
E NAD-GCL-OPT  1.242 0.096 0.897 0.022 5.840 0.877 | 0.609 0.010 | 73.69 3.67 67.70 1.78 7440 4.92 71.65 094 61.14 1.43
g AD-GCL-FIX 1.217 0.087 0.842 0.02§ 5.150 0.624 | 0.578 0.017 | 76.37 2.03 68.24 1.47 80.77 3.92 7142 0.73 63.19 0.95
O AD-GCL-OPT 1136 0.050 0.812 0.020 4.145 0.369 | 0.544 0.004 | 77.27 256 69.54 1.92 80.77 3.92 72.92 0.86 63.19 0.95

Table 1:Unsupervised learning performance for (TOP) biochemical and social network classi cation in TU
datasets [73] (Averaged accuracystd. over 10 runs) and (BOTTOM) chemical molecules property prediction
in OGB datasets [52] (mean std. over 10 runs)Bold/Bold’ indicats our methods outperform baselines
with 0.5/ 2 std respectively. Fully supervised (F-GIN) results are shomiy for placing GRL methods in
perspective. Ablation-study (AB-S) results do not count as baselines.

with the same hyper-parameters for fair comparison. Adoptiregr modelsvas suggested by [40],
which explicitly attributes any performance gain/drop to the quality of learnt representations.

Tables 1 show the results for unsupervised graph level property prediction in social and chemical
domains respectively. We witness the big performance gain of AD-GCL as opposed to all baselines
across all the datasets. Note GraphCL utilizes extensive evaluation to select the best combination
of augmentions over a broad GDA family including node-dropping, edge dropping and subgraph
sampling. Our results indicate that such extensive evaluation may not be necessary while optimizing
the augmentation strategy in an adversarial way is greatly bene cial.

We stress that edge dropping is not cherry picked as the search space of augmentation strategies.
Other search spaces may even achieve better performance, while an extensive investigation is left for
the future work.

Moreover, AD-GCL also clearly improves upon the performance against its non-adversarial counter-
parts (NAD-GCL) across all the datasets, which further demonstrates stable and signi cant advantages
of the AD-GCL principle. Essentially, the input-graph-dependent augmentation learnt by AD-GCL
yields much bene t. Finally, we compare AD-GCL-FIX with AD-GCL-OPT. Interestingly, two
methods achieve comparable results though AD-GCL-OPT is sometimes better. This observation
implies that the AD-GCL principle may be robust to the choice @f and thus motivates the analysis

in the next subsection. Moreover, weak information from the downstream tasks indeed help with
controlling the search space and further betters the performance. We also list the op{jsaf
AD-GCL-OPT for different datasets in Appendix F.1 for the purpose of comparison and reproduction.

5.1.1 Note on the linear downstream classi er

We nd that the choice of the downstream classi er can signi cantly affect the evaluation of the
self-supervised representations. InfoGraph [18] and GraphCL [24] adopt a non-linear SVM model as
the downstream classi er. Such a non-linear model is more powerful than the linear model we adopt
and thus causes some performance gap between the results showed in Table 1 (TOP) and (BOTTOM)
and their original results (listed in Appendix G.2.1 as Table 8). We argue that using a non-linear
SVM model as the downstream classi er is unfair, because the performance of even a randomly
initialized untrained GIN (RU-GIN) is signi cantly improved (comparing results from Table 1 (TOP)

to Table 8). Therefore, we argue for adopting a linear classi er protocol as suggested by [40]. That
having been said, our methods (both AD-GCL-FIX and AD-GCL-OPT) still performs signi cantly
better than baselines in most cases, even when a non-linear SVM classifer is adopted, as shown in
Table 8. Several relative gains are there no matter whether the downstream classi er is a simple linear
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model (Tables 1) or a non-linear SVM model (Table 8). AD-GCL methods signi cantly outperform
InfoGraph in 5 over 8 datasets and GraphCL in 6 over 8 datasets. This further provides the evidence
for the effectiveness of our method. Details on the practical bene ts of linear downstream models can
be found in Appendix G.2.1.

5.2 Analysis of Regularizing the GDA Model

Here, we study how different,eg's impact the expected edge drop ratio of AD-GCL at the saddle
point of Eq.8 and further impact the model performance on the validation datasets. Due to the page
limitation, we focus on classi cation tasks in the main text while leaving the discussion on regression
tasks in the Appendix F.2. Figure 3 shows the results.

As shown in Figure 3(a), a largegeg tends to yield a small expected edge drop ratio at the convergent
point, which matches our expectationeg ranging from 0.1 to 10.0 corresponds to dropping almost
everything (80% edges) to nothing (<10% edges). The validation performance in Figure 3(c) is out of
our expectation. We nd that for classi cation tasks, the performance of the encoder is extremely
robust to different choices ofeq's when trained w.r.t. the AD-GCL principle, though the edge drop
ratios at the saddle point are very different. However, the non-adversarial counterpart NAD-GCL
is sensitive to different edge drop ratios, especially on the molecule dataset (e.g., ogbg-molclitox,
ogbg-molbbbp). We actually observe the similar issue of NAD-GCL across all molecule datasets (See
Appendix F.3). More interesting aspects of our results appear at the extreme cases.{/heb0,

the convergent edge drop ratio is close to 0, which means no edge dropping, but AD-GCL still
signi cantly outperforms naive GCL with small edge drop ratio. Wheg = 0:3, the convergent

edge drop ratio is greater than 0.6, which means dropping more than half of the edges, but AD-GCL
still keeps reasonable performance. We suspect that such bene t comes from the training dynamics
of AD-GCL (examples as shown in Figure 3(b)). Particularly, optimizing augmentations allows for
non-uniform edge-dropping probability. During the optimization procedure, AD-GCL pushes high
drop probability on redundant edges while low drop probability on critical edges, which allows the
encoder to differentiate redundant and critical information. This cannot be fully explained by the
nal convergent edge drop ratio and motivates future investigation of AD-GCL from a more in-depth
theoretical perspective.

5.3 Transfer Learning

Next, we evaluate the GNN encoders trained by AD-GCL on transfer learning to predict chemical
molecule properties and biological protein functions. We follow the setting in [17] and use the same
datasets: GNNs are pre-trained on one dataset using self-supervised learning and later ne-tuned
on another dataset to test out-of-distribution performance. Here, we only consider AD-GCL-FIX
as AD-GCL-OPT is only expected to have better performance. We adopt baselines including no
pre-trained GIN i¢e., without self-supervised training on the rst dataset and with only ne-tuning),
InfoGraph [18], GraphCL [24], three different pre-train strategies in [17] including edge prediction,



Pre-Train Dataset ZINC 2M PPI-306K

Fine-Tune Dataset BBBP Tox21 SIDER ClinTox BACE HIV MUV ToxCast| PPI
No Pre-Train 65.8 4.5 74.0 0.8 573 16 58.0 44 70.1 54 753 19 718 25 63.4 0.6 648 1.0
EdgePred [17] 67.3 2.4 76.0 0.6 60.4 0.7 64.1 3.7 79.9 0.9 76.3 1.0 741 2.1 64.1 0.6 65.7 1.3

AttrMasking [17] 643 2.8 76.7 0.4 61.0 0.7 718 4.1 793 16 772 1.1 747 1.4 642 05 652 1.6
ContextPred [17] 68.0 2.0 75.7 0.7 60.9 0.6 659 3.8 796 12 773 1.0 758 1.7 639 0.6 64.4 1.3

InfoGraph [18] 68.8 0.8 753 0.5 58.4 0.8 69.9 3.0 759 16 76.0 0.7 753 25 62.7 0.4 641 15
GraphCL [24] 69.68 0.67 73.87 0.66 60.53 0.88 75.99 2.65 75.38 1.44 7847 122 69.8 2.66 6240 0.57| 67.88 0.85
AD-GCL-FIX 70.01 1.07 76.54 0.82 63.28 0.79 79.78 352 7851 0.80 78.28 0.97 7230 1.61 63.07 0.72| 68.83 1.26
Our Ranks 1 2 1 1 4 2 5 5 1

Table 2:Transfer learning performance for chemical molecules property prediction (mean ROC-AltiC
over 10 runs)Bold indicates our methods outperform baselines witB.5 std..

Dataset NCI1 PROTEINS DD COLLAB RDT-B RDT-M5K
No Pre-Train 73.72 0.24 70.40 154 7356 0.41 | 73.71 0.27 86.63 0.27 51.33 0.44
SS-GCN-A 7359 0.32 70.29 0.64 7430 0.81 | 7419 0.13 87.74 0.39 52.01 0.20
GAE [20] 7436 0.24 7051 0.17 7454 0.68 | 75.09 0.19 87.69 040 53.58 0.13
InfoGraph [18] 74.86 0.26 72.27 0.40 75.78 0.34 | 73.76 0.29 88.66 0.95 53.61 0.31
GraphCL[24] 74.63 0.25 74.17 0.34 76.17 137 | 7423 021 89.11 0.19 5255 0.45
AD-GCL-FIX 75.18 0.31 73.96 0.47 7791 0.7% | 75.82 0.26 90.10 0.15 53.49 0.28
Our Ranks 1 2 1 1 1 3

Table 3:Semi-supervised learning performance with 10% labels on TU datasets [73] (10-Fold Accuracy (%)
std over 5 runs)Bold/Bold’ indicate our methods outperform baselines witl.5 std/ 2 std respectively.

node attribute masking and context prediction that utilize edge, node and subgraph context respectively.
More detailed setup is given in Appendix G.

According to Table 2, AD-GCL-FIX signi cantly outperforms baselines in 3 out of 9 datasets and
achieves a mean rank of 2.4 across these 9 datasets which is better than all baselines. Note that
although AD-GCL only achieves 5th on some datasets, AD-GCL still signi cantly outperforms
InfoGraph [18] and GraphCL [24], both of which are strong GNN self-training baselines. In contrast

to InfoGraph [18] and GraphCL [24], AD-GCL achieves some performance much closer to those
baselines (EdgePred, AttrMasking and ContextPred) based on domain knowledge and extensive
evaluation in [17]. This is rather signi cant as our method utilizes only edge dropping GDA, which
again shows the effectiveness of the AD-GCL principle.

5.4 Semi-Supervised Learning

Lastly, we evaluate AD-GCL on semi-supervised learning for graph classi cation on the benchmark
TU datasets [73]. We follow the setting in [24]: GNNSs are pre-trained on one dataset using self-
supervised learning and later ne-tuned based on 10% label supervision on the same dataset. Again,
we only consider AD-GCL-FIX and compare it with several baselines in [24]: 1) no pre-trained
GCN, which is directly trained by the 10% labels from scratch, 2) SS-GCN-A, a baseline that
introduces more labelled data by creating random augmentations and then gets trained from scratch,
3) a predictive method GAE [20] that utilizes adjacency reconstruction in the pre-training phase, and
GCL methods, 4) InfoGraph [18] and 5) GraphCL [24]. Note that here we have to keep the encoder
architecture same and thus AD-GCL-FIX adopts GCN as the encoder. Table 3 shows the results.
AD-GCL-FIX signi cantly outperforms baselines in 3 out of 6 datasets and achieves a mean rank of
1.5 across these 6 datasets, which again demonstrates the strength of AD-GCL.

6 Conclusions

In this work we have developed a theoretically motivated, novel princhllGCLthat goes a step
beyond the conventional InfoMax objective for self-supervised learning of GNNs. The optimal GNN
encoders that are agnostic to the downstream tasks are the ones that capture the minimal suf cient
information to identify each graph in the dataset. To achieve this goal, AD-GCL suggests to better
graph contrastive learning via optimizing graph augmentations in an adversarial way. Following
this principle, we developed a practical instantiation based on learnable edge dropping. We have
extensively analyzed and demonstrated the bene ts of AD-GCL and its instantiation with real-world
datasets for graph property prediction in unsupervised, transfer and semi-supervised learning settings.

10



Acknowledgments and Disclosure of Funding

We greatly thank the actionable suggestions given by reviewers and the area chair. S.S. and J.N.
are supported by the National Science Foundation under contract numbers CCF-1918483 and IIS-
1618690. P.L. is partly supported by the 2021 JP Morgan Faculty Award and the National Science
Foundation (NSF) award HDR-2117997.

References

[1] A. W. Senior, R. Evans, J. Jumper, J. Kirkpatrick, L. Sifre, T. Green, C. Qin, A. idek, A. W.
Nelson, A. Bridglancet al., “Improved protein structure prediction using potentials from deep
learning,”Nature vol. 577, no. 7792, pp. 706—710, 2020.

[2] J. Shlomi, P. Battaglia, and J.-R. Vlimant, “Graph neural networks in particle phyMesfine
Learning: Science and Technolqgwl. 2, no. 2, p. 021001, 2020.

[3] W. L. Hamilton, “Graph representation learnin@ynthesis Lectures on Arti cial Intelligence
and Machine Learningvol. 14, no. 3, pp. 1-159, 2020.

[4] K. Hornik, M. Stinchcombe, H. Whitet al,, “Multilayer feedforward networks are universal
approximators.Neural Networksvol. 2, no. 5, pp. 359-366, 1989.

[5] G. Cybenko, “Approximation by superpositions of a sigmoidal functiovidthematics of
control, signals and systeml. 2, no. 4, pp. 303-314, 1989.

[6] F. Scarselli, M. Gori, A. C. Tsoi, M. Hagenbuchner, and G. Monfardini, “The graph neural
network model,"IEEE Transactions on Neural Networksol. 20, no. 1, pp. 61-80, 2008.

[7] 1. Chami, S. Abu-El-Haija, B. Perozzi, C. Ré, and K. Murphy, “Machine learning on graphs: A
model and comprehensive taxonomgtXiv preprint arXiv:2005.036752020.

[8] Z. Zhang, P. Cui, and W. Zhu, “Deep learning on graphs: A sunil&EE TKDE, 2020.

[9] W. L. Hamilton, R. Ying, and J. Leskovec, “Representation learning on graphs: Methods and
applications,1EEE Data Engineering Bulletinvol. 40, no. 3, pp. 52-74, 2017.

[10] T. N. Kipf and M. Welling, “Semi-supervised classi cation with graph convolutional networks,”
in International Conference on Learning Representati@@s 7.

[11] H. Dai, B. Dai, and L. Song, “Discriminative embeddings of latent variable models for structured
data,” inInternational Conference on Machine LearningPMLR, 2016, pp. 2702—-2711.

[12] P. Velickovit, G. Cucurull, A. Casanova, A. Romero, P. Lio, and Y. Bengio, “Graph attention
networks,” ininternational Conference on Learning Representati@(s 8.

[13] M. Zhang, Z. Cui, M. Neumann, and Y. Chen, “An end-to-end deep learning architecture for
graph classi cation,” inthe AAAI Conference on Arti cial Intelligenc@018, pp. 4438-4445.

[14] K. Xu, W. Hu, J. Leskovec, and S. Jegelka, “How powerful are graph neural networks?” in
International Conference on Learning Representatj@s.9.

[15] C. Morris, M. Ritzert, M. Fey, W. L. Hamilton, J. E. Lenssen, G. Rattan, and M. Grohe,
“Weisfeiler and leman go neural: Higher-order graph neural networksiidrAAAI Conference
on Arti cial Intelligence, vol. 33, 2019, pp. 4602—-4609.

[16] P. Li, Y. Wang, H. Wang, and J. Leskovec, “Distance encoding: Design provably more powerful
neural networks for graph representation learnidgivances in Neural Information Processing
Systemsvol. 33, 2020.

[17] W. Hu, B. Liu, J. Gomes, M. Zitnik, P. Liang, V. Pande, and J. Leskovec, “Strategies for
pre-training graph neural networkstiternational Conference on Learning Representatjons
2020.

[18] F.-Y. Sun, J. Hoffmann, and J. Tang, “Infograph: Unsupervised and semi-supervised graph-level
representation learning via mutual information maximizatianXiv preprint arXiv:1908.01000
20109.

[19] H. G. Vogel,Drug discovery and evaluation: pharmacological assaySpringer Science &
Business Media, 2002.

11



[20] T. N. Kipf and M. Welling, “Variational graph auto-encoderarXiv preprint arXiv:1611.07308
2016.

[21] A. Grover, A. Zweig, and S. Ermon, “Graphite: Iterative generative modeling of graphs,” in
International Conference on Machine LearningPMLR, 2019, pp. 2434—-2444.

[22] Z. Peng, W. Huang, M. Luo, Q. Zheng, Y. Rong, T. Xu, and J. Huang, “Graph representation
learning via graphical mutual information maximization,’Rroceedings of The Web Conference
2020 2020.

[23] P. Velickovi€, W. Fedus, W. L. Hamilton, P. Li0, Y. Bengio, and R. D. Hjelm, “Deep graph
infomax,” arXiv preprint arXiv:1809.1034,12018.

[24] Y. You, T. Chen, Y. Sui, T. Chen, Z. Wang, and Y. Shen, “Graph contrastive learning with
augmentations Advances in Neural Information Processing Systerok 33, 2020.

[25] K. Hassani and A. H. Khasahmadi, “Contrastive multi-view representation learning on graphs,”
in International Conference on Machine LearningPMLR, 2020, pp. 4116-4126.

[26] Y. Xie, Z. Xu, Z. Wang, and S. Ji, “Self-supervised learning of graph neural networks: A uni ed
review,” arXiv preprint arXiv:2102.107572021.

[27] Y. Liu, S. Pan, M. Jin, C. Zhou, F. Xia, and P. S. Yu, “Graph self-supervised learning: A survey,”
arXiv preprint arXiv:2103.0011,12021.

[28] S. Zhang, Z. Hu, A. Subramonian, and Y. Sun, “Motif-driven contrastive learning of graph
representationsdrXiv preprint arXiv:2012.125332020.

[29] S. Thakoor, C. Tallec, M. G. Azar, R. Munos, P. \éiovic, and M. Valko, “Bootstrapped
representation learning on graphatXiv preprint arXiv:2102.065142021.

[30] VY. Zhu, Y. Xu, F. Yu, Q. Liu, S. Wu, and L. Wang, “Graph contrastive learning with adaptive
augmentation,arXiv preprint arxiv:2010.149452020.

[31] J. Qiu, Q. Chen, Y. Dong, J. Zhang, H. Yang, M. Ding, K. Wang, and J. Tang, “Gcc: Graph
contrastive coding for graph neural network pre-training,Pmoceedings of the 26th ACM
SIGKDD International Conference on Knowledge Discovery & Data Min2@f0, pp. 1150—
1160.

[32] M. Belkin and P. Niyogi, “Laplacian eigenmaps for dimensionality reduction and data represen-
tation,” Neural computationvol. 15, no. 6, pp. 1373-1396, 2003.

[33] B. Perozzi, R. Al-Rfou, and S. Skiena, “Deepwalk: Online learning of social representations,”
in Proceedings of the 20th ACM SIGKDD international conference on Knowledge discovery
and data mining2014, pp. 701-710.

[34] A. Grover and J. Leskovec, “node2vec: Scalable feature learning for networkkg lxCM
SIGKDD International Conference on Knowledge Discovery and Data Mjn2@j.6, pp.
855-864.

[35] L. F. Ribeiro, P. H. Saverese, and D. R. Figueiredo, “struc2vec: Learning node representa-
tions from structural identity,” ithe ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining2017, pp. 385—-394.

[36] W. Hamilton, Z. Ying, and J. Leskovec, “Inductive representation learning on large graphs,” in
Advances in Neural Information Processing Syste2i47.

[37] K. Henderson, B. Gallagher, T. Eliassi-Rad, H. Tong, S. Basu, L. Akoglu, D. Koutra, C. Falout-
sos, and L. Li, “Rolx: structural role extraction & mining in large graphsttia ACM SIGKDD
international conference on Knowledge discovery and data mjii@g2, pp. 1231-1239.

[38] C. Donnat, M. Zitnik, D. Hallac, and J. Leskovec, “Learning structural node embeddings via
diffusion wavelets,” inthe ACM SIGKDD International Conference on Knowledge Discovery &
Data Mining, 2018, pp. 1320-1329.

[39] R. Linsker, “Self-organization in a perceptual netwoi®gdmputervol. 21, no. 3, pp. 105-117,
1988.

[40] M. Tschannen, J. Djolonga, P. K. Rubenstein, S. Gelly, and M. Lucic, “On mutual infor-
mation maximization for representation learning,limiernational Conference on Learning
Representation®020.

12



[41] N. Tishby, F. C. Pereira, and W. Bialek, “The information bottleneck methexiv preprint
physics/00040572000.

[42] N. Tishby and N. Zaslavsky, “Deep learning and the information bottleneck principl2(i8
IEEE Information Theory Workshop (ITW)IEEE, 2015.

[43] Z. Goldfeld and Y. Polyanskiy, “The information bottleneck problem and its applications in
machine learning,JEEE Journal on Selected Areas in Information The@§20.

[44] A. A. Alemi, . Fischer, J. V. Dillon, and K. Murphy, “Deep variational information bottleneck,”
arXiv preprint arXiv:1612.0041,0016.

[45] X. B. Peng, A. Kanazawa, S. Toyer, P. Abbeel, and S. Levine, “Variational discriminator
bottleneck: Improving imitation learning, inverse rl, and gans by constraining information ow,”
arXiv preprint arXiv:1810.008212018.

[46] 1. Higgins, L. Matthey, A. Pal, C. Burgess, X. Glorot, M. Botvinick, S. Mohamed, and A. Lerch-
ner, “beta-vae: Learning basic visual concepts with a constrained variational framework.” in
International Conference on Learning Representatj@s.7.

[47] T. Wu, H. Ren, P. Li, and J. Leskovec, “Graph information bottleneck&drances in Neural
Information Processing Systen2020.

[48] J. Yu, T. Xu, Y. Rong, Y. Bian, J. Huang, and R. He, “Recognizing predictive substructures
with subgraph information bottlenecHriternational Conference on Learning Representatjons
2021.

[49] J. Gilmer, S. S. Schoenholz, P. F. Riley, O. Vinyals, and G. E. Dahl, “Neural message passing
for guantum chemistry,” innternational Conference on Machine LearningJMLR. org, 2017.

[50] T. M. Cover and J. A. Thomaglements of Information Theary John Wiley & Sons, 2012.

[51] B. Weisfeiler and A. Leman, “A reduction of a graph to a canonical form and an algebra arising
during this reduction,Nauchno-Technicheskaya Informatsl®68.

[52] W. Hu, M. Fey, M. Zitnik, Y. Dong, H. Ren, B. Liu, M. Catasta, and J. Leskovec, “Open graph
benchmark: Datasets for machine learning on graghXv preprint arXiv:2005.0068,72020.

[53] D. Duvenaud, D. Maclaurin, J. Aguilera-lparraguirre, R. Gomez-Bombarelli, T. Hirzel,
A. Aspuru-Guzik, and R. P. Adams, “Convolutional networks on graphs for learning molecular
ngerprints,” Advances in Neural Information Processing Systemk 2015, pp. 2224-2232,
2015.

[54] E. N. Gilbert, “Random graphs;The Annals of Mathematical Statistiosl. 30, no. 4, pp.
1141-1144, 1959.

[55] P. Erdbs and A. Rényi, “On random graphs Publ. Math. Debrecervol. 6, pp. 290-297, 1959.

[56] C.J. Maddison, A. Mnih, and Y. W. Teh, “The concrete distribution: A continuous relaxation of
discrete random variables,” International Conference on Learning Representati@id 7.

[57] E. Jang, S. Gu, and B. Poole, “Categorical reparameterization with gumbel-softmax,” in
International Conference on Learning Representatj@s.7.

[58] D. Luo, W. Cheng, D. Xu, W. Yu, B. Zong, H. Chen, and X. Zhang, “Parameterized explainer
for graph neural network Advances in Neural Information Processing Systerak 33, 2020.

[59] A.v.d.Oord, Y. Li, and O. Vinyals, “Representation learning with contrastive predictive coding,”
arXiv preprint arXiv:1807.03748018.

[60] Y. Tian, D. Krishnan, and P. Isola, “Contrastive multiview codingtXiv preprint
arXiv:1906.058492019.

[61] B. Poole, S. Ozair, A. Van Den Oord, A. Alemi, and G. Tucker, “On variational bounds of
mutual information,” ininternational Conference on Machine Learnjrp19.

[62] T. Chen, S. Kornblith, M. Norouzi, and G. Hinton, “A simple framework for contrastive learning
of visual representations,” imternational Conference on Machine LearningPMLR, 2020,
pp. 1597-1607.

[63] S. Becker and G. E. Hinton, “Self-organizing neural network that discovers surfaces in random-
dot stereogramsNature vol. 355, no. 6356, pp. 161-163, 1992.

13



[64] O.Henaff, “Data-ef cientimage recognition with contrastive predictive codinglhternational
Conference on Machine LearningPMLR, 2020, pp. 4182-4192.

[65] R. D. Hjelm, A. Fedorov, S. Lavoie-Marchildon, K. Grewal, P. Bachman, A. Trischler, and
Y. Bengio, “Learning deep representations by mutual information estimation and maximization,
in International Conference on Learning Representati@@.9.

[66] T. Chen, S. Kornblith, K. Swersky, M. Norouzi, and G. Hinton, “Big self-supervised models are
strong semi-supervised learnerarXiv preprint arXiv:2006.100292020.

[67] P. Velickovic, W. Fedus, W. L. Hamilton, P. Lio, Y. Bengio, and R. D. Hjelm, “Deep graph
infomax,” arXiv preprint arXiv:1809.1034,12018.

[68] Z. Peng, W. Huang, M. Luo, Q. Zheng, Y. Rong, T. Xu, and J. Huang, “Graph representation
learning via graphical mutual information maximization,Rroceedings of The Web Conference
2020 2020, pp. 259-270.

[69] V. Jiao, Y. Xiong, J. Zhang, Y. Zhang, T. Zhang, and Y. Zhu, “Sub-graph contrast for scalable
self-supervised graph representation learniagXiv preprint arXiv:2009.102732020.

[70] Y. You, T. Chen, Y. Shen, and Z. Wang, “Graph contrastive learning automatedy preprint
arXiv:2106.075942021.

[71] Y. Tian, C. Sun, B. Poole, D. Krishnan, C. Schmid, and P. Isola, “What makes for good views
for contrastive learning?” ilddvances in Neural Information Processing Syste2020.

[72] K. Xu, W. Hu, J. Leskovec, and S. Jegelka, “How powerful are graph neural networks?” in
International Conference on Learning Representatj@s.9.

[73] C. Morris, N. M. Kriege, F. Bause, K. Kersting, P. Mutzel, and M. Neumann, “Tudataset:
A collection of benchmark datasets for learning with graphs,IGML 2020 Workshop
on Graph Representation Learning and Beyond (GRL+ 2020p0. [Online]. Available:
www.graphlearning.io

[74] V. P. Dwivedi, C. K. Joshi, T. Laurent, Y. Bengio, and X. Bresson, “Benchmarking graph neural
networks,"arXiv preprint arXiv:2003.009822020.

[75] N. M. Kriege, F. D. Johansson, and C. Morris, “A survey on graph kerngfsjlied Network
Sciencevol. 5, no. 1, pp. 1-42, 2020.

[76] P. Yanardag and S. Vishwanathan, “Deep graph kernel®?raceedings of the 21th ACM
SIGKDD International Conference on Knowledge Discovery and Data MinidCM, 2015,
pp. 1365-1374.

[77] N. Shervashidze, P. Schweitzer, E. J. v. Leeuwen, K. Mehlhorn, and K. M. Borgwardt,
“Weisfeiler-lehman graph kernelsJournal of Machine Learning Researclol. 12, no. Sep, pp.
2539-2561, 2011.

[78] A. Narayanan, M. Chandramohan, R. Venkatesan, L. Chen, Y. Liu, and S. Jaiswal, “graph2vec:
Learning distributed representations of graplsXiv preprint arXiv:1707.050052017.

[79] B. Adhikari, Y. Zhang, N. Ramakrishnan, and B. A. Prakash, “Sub2vec: Feature learning for
subgraphs,” ifPaci c-Asia Conference on Knowledge Discovery and Data Minin§pringer,
2018, pp. 170-182.

[80] T. M. Cover,Elements of information theary John Wiley & Sons, 1999.

[81] L. Babai, “Groups, graphs, algorithms: The graph isomorphism probler®fdn. ICM, vol. 3.
World Scienti ¢, 2018, pp. 3303-3320.

[82] H. A. Helfgott, J. Bajpai, and D. Dona, “Graph isomorphisms in quasi-polynomial tiamXj/
preprint arXiv:1710.045742017.

[83] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel,
P. Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, D. Cournapeau, M. Brucher,
M. Perrot, and E. Duchesnay, “Scikit-learn: Machine learning in Pythimytnal of Machine
Learning Researchvol. 12, pp. 2825-2830, 2011.

[84] C. Zhu, R. H. Byrd, P. Lu, and J. Nocedal, “Algorithm 778: L-bfgs-b: Fortran subroutines for
large-scale bound-constrained optimizatiohCM Transactions on Mathematical Software
(TOMS) vol. 23, no. 4, pp. 550-560, 1997.

[85] R.-E. Fan, K.-W. Chang, C.-J. Hsieh, X.-R. Wang, and C.-J. Lin, “Liblinear: A library for large
linear classi cation,”Journal of Machine Learning Researoalol. 9, pp. 1871-1874, 2008.

14



	Introduction
	Notations and Preliminaries
	Adversarial Graph Contrastive Learning
	Theoretical Motivation and Formulation of AD-GCL
	Instantiation of AD-GCL via Learnable Edge Perturbation

	Related Work
	Experiments and Analysis
	Unsupervised Learning
	Note on the linear downstream classifier

	Analysis of Regularizing the GDA Model
	Transfer Learning
	Semi-Supervised Learning


